Abstract-A simple method for the estimation of global leaf area index (LAI) and fraction of photosynthetically active radiation absorbed by the vegetation (FAPAR) from atmospherically corrected Normalized Difference Vegetation Index (NDVI) observations is described. Recent improvements to our three dimensional radiative transfer model of a vegetated surface are described. Example simulation results and a validation exercise are discussed. The model was utilized to derive land cover specific NDVI-LAI and NDVI-FAPAR relations. The method therefore requires stratification of global vegetation into cover types that are compatible with the radiative transfer model. Such a classification based on vegetation structure is proposed and a simple method for its derivation is presented. Proof-of-concept results are given to illustrate the feasibility of the proposed method.
I. INTRODUCTION
T HE importance of vegetation in studies of global climate and biogeochemical cycles is now well recognized [1] . This is especially the case with respect to carbon, with about a quarter of atmospheric carbon dioxide potentially fixed as gross primary production by terrestrial vegetation annually [2] . In order to estimate carbon fixation by terrestrial vegetation and to prescribe the land surface accurately in global climate models, variables descriptive of surface assimilation area, radiation absorption, plant physiology and climatology are required. The general consensus is that such multitemporal global data sets can be regularly obtained only from remote sensing. Therefore, several of the instruments scheduled for the Earth Observing System (EOS) have land surface parameter estimation as major deliverables [3] .
Two key variables required in primary production and global climate studies are leaf area index (LAI) and fraction of photosynthetically active radiation (0.4-0.7 m) absorbed by the vegetation (FAPAR) [4] , [5] . Leaf area index is generally defined as one-sided green leaf area per unit ground area in broadleaf canopies, and variously (projected or total) in needle canopies. Unlike LAI, FAPAR exhibits diurnal variation. Its use in models with time steps longer than a day requires appropriate time integration. The only global data set of LAI, FAPAR and other important surface variables available at the present time is the so-called FASIR (Fourier Adjusted, Solar zenith angle corrected, Interpolated and Reconstructed) data set [6] , [7] . It is a 1.0 1.0 monthly data set based on nine years of Advanced Very High Resolution Radiometer (AVHRR) data, with Fourier adjustment for smoothing, data reconstruction in the northern high latitudes, and sun-angle corrections. The FASIR algorithm is described in [6] and [7] ; it suffices here to note that the algorithm is not based on physical principles of remote sensing (i.e., radiative transfer in vegetation and atmosphere) but on heuristic corrective methods to obtain spatially continuous multiyear data sets of surface variables, primarily for use in global climate models. A semi-physical algorithm for the estimation of LAI was reported by Price [8] . This algorithm requires certain constants to be estimated from the image data and it is not clear how this can be done globally on an operational basis (cf., discussion at the end in [8] ). Thus, at the present time it appears that no satisfactory algorithm exists for the retrieval of LAI and FAPAR from satellite data. However, the state of art in canopy radiation modeling is significantly advanced, and with it our understanding of vegetation remote sensing [9] . Therefore, a physically based algorithm that is sufficiently simple and yet accurate would be highly desirable in the EOS era. This paper describes such an algorithm for the estimation of LAI and FAPAR from atmospherically corrected Normalized Difference Vegetation Index (NDVI) observations.
II. THEORETICAL BASIS
There are many examples in published literature of NDVI-LAI and NDVI-FAPAR relations, either based on coincident measurements or model estimates (reviewed in [9] ). While the general body of empirical evidence is convincing, a theoretical basis for the existence of these relations has been published only recently in this journal [10] . It was reported that most spectral vegetation indices can be generalized to show a derivative of surface reflectance with respect to wavelength. This derivative is a function of the optical properties of leaves and soil particles. In the case of optically dense vegetation, the spectral derivative, and thus the indices, are indicative of the abundance and activity of the absorbers in the leaves. Therefore, the widely used broad-band red/nearinfrared vegetation indices, such as NDVI, are a measure of chlorophyll abundance and energy absorption.
The derivation presented in Myneni et al. [10] is generic, for it includes all published spectral vegetation indices, and the 0196-2892/97$10.00 © 1997 IEEE theoretical basis of NDVI-LAI and NDVI-FAPAR relations is not readily evident. Therefore, a simple summary is presented here, to establish a theoretical basis for the LAI/FAPAR algorithm to be discussed later.
Vegetation indices typically capture the absorption contrast across the 0.65-0.85-m wavelength interval through combinations of broad-band red and near-infrared reflectance. The most widely used index in the processing of satellite data is the Normalized Difference Vegetation Index (NDVI) defined as , where and are spectral bidirectional reflectance factors (ratio of the radiance of a target surface to the radiance of a conservative, lambertian surface) at near-infrared and red wavelengths, respectively. NDVI can be shown to be related to the derivative of surface reflectance with respect to wavelength [10] . To do so, let , and . Note that Here denotes error of order . In the limit where . If one can now show that this spectral derivative is related to LAI and FAPAR, the theoretical basis of the relation established.
The spectral derivative can be written as
In the above, is soil reflectance, is soil particulate single scattering albedo, is leaf albedo and is the transmittance of a hypothetical unit layer of leaf interior. The functions , , and describe radiative transfer in a canopy of leaves layered above a soil surface, a semi-infinite medium of soil particles and the interior of a leaf modeled as a pile of transparent plates, respectively. The governing equations of transfer are linear integro-differential equations [9] . The solutions can be expressed formally as a sum of exponential functions, that is, the photon count decays exponentially through successive absorption and scattering events in the media. The partial derivatives (  ,  ,  ,  and ) are, therefore, exponential functions-smooth and smaller in magnitude than the total derivatives ( and ). In particular, and . Hence (2) This conclusion is also confirmed empirically [10] .
To derive an explicit analytical result connecting the surface reflectance to either canopy leaf area index or absorbed radiation, we consider the case of an optically dense canopy of lambertian, horizontal leaves. Canopy reflectance in this case is also lambertian. The canopy reflection function can be expressed analytically and the partial derivative can therefore be evaluated
where , , L, is soil hemispherical reflectance, and L is leaf area index ( , , and are defined in den Dulk [12] ). The derivative is, with [11] , (5) where . Here is exponential integral of order one and, is the absorption coefficient given by the product of absorber concentration per unit leaf area and absorber specific absorption coefficient . Since, species may be active at wavelength , . In view of (3) and (5), the spectral derivative for the case of an optically dense canopy of lambertian, horizontal leaves can be written as
Here L is the total leaf area per unit ground area, over which the th-absorber species is distributed. Consequently, L denotes the concentration of the th-absorber species per unit ground area. Therefore L L
that is, the spectral derivative is indicative of the abundance and activity of the various absorbers pertaining to radiation absorption. If only one major absorber species, such as chlorophyll, is of interest, as it is in the case of vegetation remote sensing and if this species is uniformly distributed over the entire leaf area, then L L, where L is the green leaf area index. And, , the chlorophyll absorption coefficient. Thus, (Table I ) at 30 sun zenith angle and combined under-and overstory leaf area index of 2. The notation B1, B2, B3, B4, B5, and B6 refers to cover types 1 through 6 defined in with L denoting radiation absorbed by the chlorophyll in green leaves. This, then, is the theoretical basis for relating reflected radiations with canopy leaf area index, and the absorption of photosynthetically active radiation. It is important to note that the validity of the above theoretical development and conclusions is constrained by the assumptions made in obtaining (2) from (1), and (8) from (7). In practice, there are other influences on NDVI that confound a straightforward interpretation as to its meaning.
III. CANOPY STRUCTURAL TYPES OF GLOBAL VEGETATION
Although the cause and effect relation between NDVI and LAI/FAPAR can be established theoretically, its utility depends foremost on the sensitivity to canopy characteristics. For instance, if several canopies have a similar or a nearly similar NDVI-LAI relationship, information on such land covers is redundant for the estimation of LAI. As this is hardly the case, we must first stratify the global land covers into canopy structural types that have sufficiently different NDVI-LAI (or FAPAR) relations which warrant their use in order to satisfy the accuracy criterion. This implies that traditional land cover classifications based on botanical, ecological or functional metrics may be unsuitable for LAI/FAPAR estimations, because these classifications are not necessarily based on NDVI-LAI/FAPAR considerations [13] . Therefore, a land cover classification that is compatible with the LAI/FAPAR algorithm must be first developed.
Global land covers can be classified into six types depending on their canopy structure (Table I ). The structural attributes of these land covers can be parameterized in terms of variables that the radiative transfer models admit. The six cover types are:
1) Grasses and Cereal Crops: Vertical and lateral homogeneity, vegetation ground cover of about 1.0, plant height generally less than a meter, erect leaf inclination, no woody material, minimal leaf clumping and intermediate soil brightness. The one-dimensional (1-D) radiative transfer model is invoked in this situation. Leaf clumping is implemented by modifying the projection areas with a clumping factor generally less than one. 2) Shrubs: Lateral heterogeneity, low (0.2) to intermediate (0.6) vegetation ground cover, small leaves, woody material and bright backgrounds. The full three-dimensional (3-D) model is invoked. Hot spot, i.e., enhanced brightness about the retro-solar direction due to absence of shadows [19] , is modeled by shadows cast on the ground (no mutual shadowing as ground cover is low). This land cover is typical of semi-arid regions with extreme hot or cold (Tundra/Taiga) temperature regimes and poor soils. 3) Broadleaf Crops: Lateral heterogeneity, large variations in vegetation ground cover from crop planting to maturity (0.1 to 1.0), regular leaf spatial dispersion, photosynthetically active, i.e., green, stems and dark soil backgrounds. The regular dispersion of leaves (i.e., the positive binomial model) leads to a clumping factor that is generally greater than one. The green stems are modeled as erect reflecting protrusions with zero transmittance. 4) Savanna: Two distinct vertical layers, understory of grass, low ground cover of overstory trees ( 0.2), canopy optics and structure are therefore vertically heterogeneous. The full 3-D method is required. The interaction coefficients have a strong vertical dependency. Savannas in the tropical and sub-tropical regions are characterized as mixtures of warm grasses and broadleaf trees. In the cooler regimes of the higher latitudes, they are described as mixtures of cool grass and needle trees. 5) Broadleaf Forests: Vertical and lateral heterogeneity, high ground cover, green understory, mutual shadowing by crowns, foliage clumping, trunks, and branches are included so that the canopy structure and optical properties differ spatially. Mutual shadowing by crowns is handled by modifying the hot spot formulation (next section). Therefore, stand density and crown size define this gap parameter. The branches are randomly oriented but tree trunks are modeled as erect structures. Both trunk and branch reflectance are specified from measurements.
6) Needle Forests:
Needle clumping on shoots, severe shoot clumping in whorls, dark vertical trunks, sparse green understory, and crown mutual shadowing. This is the most complex case, invoking the full 3-D method with all its options. A typical shoot is modeled to handle needle clumping on the shoots. The shoots are then assumed to be clumped in the crown space. Mutual shadowing by crowns is handled by modifying the hot spot formulation. The branches are randomly oriented but the dark tree trunks are modeled as erect structures. Both trunk and branch reflectance are specified from measurements.
IV. RADIATIVE TRANSFER MODELING OF VEGETATION CLASSES
A radiative transfer model capable of simulating radiation scattering and absorption in the six structural classes defined above is central to implementing the land cover classification and in estimating LAI/FAPAR from reflectance measurements. In this section, our published radiation modeling efforts are summarized and recent modeling activities are described.
Our initial efforts were concentrated on horizontally homogeneous, i.e., 1-D, canopies with the objective of simulating radiation interactions in broad leaf crops and grasslands. Considerable attention was paid to the derivation of appropriate scattering phase functions and their analytical solutions. The governing transport equations were numerically evaluated by the modified discrete ordinates method. The methods were benchmarked by comparing model results to published solutions [14] . The model results were compared to field measurements of soybean and maize reflectance measurements for trends and accuracy [15] . A finite element method was incorporated into this 1-D model to obtain fast and accurate numerical solutions [16] . The model was modified to include multiple vertical layers in order to simulate grassland reflectance [17] where the understory in unburned sites was litter from previous years. The model was also compared to a semi-analytical method and found to be four-digit accurate in most situations [18] . The model was numerically inverted with considerable success [19] and validated by Privette [20] with atmospherically corrected AVHRR data over the First International Field Experiment (FIFE) sites in a grassland prairie. The 1-D model was coupled to an atmospheric radiation model to simulate top of the atmosphere and canopy surface bidirectional reflectance distributions [21] .
A formulation of the 3-D, i.e., horizontally and vertically heterogeneous, radiative transfer equation, the constituent interaction coefficients and its numerical solution were first reported in [22] . The method was partially validated with PAR transmission measurements in a cottonwood stand [23] . Its application to optical remote sensing of vegetation was illustrated and results on model comparison with reflectance measurements from a hardwood forest were presented [24] . The 3-D method was also validated extensively against shrublands reflectance measurements from a shrubland in the African Sahel [25] and found to reproduce the nonlinear canopy-soil interaction in sparse canopies well. The 3-D model was also used as a boundary condition in an atmospheric radiative transfer problem to study the adjacency effect [26] . The model has been used to benchmark several other methods and results on model intercomparisons with the discrete ordinate model as a reference were presented in [9] .
Recent Model Developments: Leaf clumping was included in the formulation of the extinction and the differential scattering coefficients. The concept of particle distribution functions from statistical mechanics was utilized to derive analytical expression for leaf clumping [27] . A simplified model of leaf clumping based on this theory is now included in our model to simulate clumped, random and regular leaf dispersions in space. Vertical tree trunks and randomly oriented branches are also included in the current version of our model. Radiation interaction coefficients for the ensemble of leaves and trunks/branches are derived as linear mixtures with weighting proportional to their areal fractions. The absence of light transmission in trunks and branches imbues an asymmetry critical to the simulation of surface bidirectional reflectance in forest canopies. The hot spot model of Verstraete et al. [28] has been implemented in our radiative transfer formulation. This model is perhaps the most realistic of existing models of the hot spot effect and is driven by average gap size between leaves in a canopy. In forest canopies, however, where tree crowns mutually shade one another, crown shadowing has been implemented as the driver of the hot spot effect as opposed to gaps between leaves. The method of calculating mutual shadowing is based on the work of Li and Strahler [29] , and its assimilation into the hot-spot model of Verstraete et al. [28] is rather ad hoc at the present time (i.e., the gap radius is derived iteratively from the proportions of illuminated and viewed crown and background). The resulting reflectance distributions show deepening of the bowl shape due to mutual shadowing, and are generally in good agreement with published results of Li and Strahler [29, . Finally, in the case of needle canopies, geometric models of needle clumping on shoots and shoot clumping in whorls are implemented according to a formulation developed by OkerBlom et al. [30] . With these developments, the model is seen to be reasonably well capable of simulating radiation scattering and absorption in the six land cover types identified earlier, i.e. grasses/cereal crops, shrubs, broadleaf crops, savannas, broadleaf, and needle forests. The model is currently being validated with data from a filed experiment in the Canadian boreal forests (BOREAS) and is being used extensively by the Moderate Resolution Imaging Spectro-Radiometer (MODIS) Fig. 3 . Growing season average NDVI of Asia derived from the Advanced Very High Resolution Radiometer (AVHRR) Pathfinder data set [32] . Monthly NDVI was calculated as the average of three ten-day composites. The monthly values were further averaged over the nine-year period of record before Mount Pinotubo eruption (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) ) to obtain long-term average monthly NDVI values. Pixels with growing season average NDVI less than 0.04 were defined as nonvegetated areas and those greater than 0.08 as vegetated areas. Pixels with intermediate values were assigned to either of the two classes based on the distribution of the inverse of the coefficient of variation, which exhibits bimodality.
and Multi-angle Imaging Spectro-Radiometer (MISR) EOS-AM instrument science teams.
Example Simulations: The hemispherical directional reflectance factors (HDRF's), defined as the ratio of radiance of a vegetated surface to the radiance of a reference (conservative and Lambertian) surface under identical conditions of illumination (direct sunlight and diffuse skylight) and viewing, of the six land covers defined earlier were simulated in an effort to determine how the canopy structures affect the angular distribution of radiation emerging from these media. In all cases, canopy leaf area index (over-and understory) was 2.0, solar zenith angle was 30 , and the fraction of direct in total incident radiation was 0.8. The leaf and stem/trunk optical properties are given in Table III(b). The soil reflectance in the medium brightness class (Table III(c)) was used to parameterize the lower boundary condition. The fraction of stem, trunk, and branch area indices was varied from 10% (broadleaf crops) to 15% (forests) of the plant leaf area index. Canopy height was varied depending on the canopy type (0.8-1.2 m in land covers 1, 2, and 3, 10 m in land covers 4, 5, and 6). The tree crown dimensions were also varied (8 4 m in cover type 5 and 7 2 in cover type 6), to approximate wide and narrow crowns characteristic of broadleaf and needle canopies. Understory leaf area index was set to 0.5 in cover types 5 and 6. Calculations were performed at both red and near-infrared wavelengths. The results for the near-infrared waveband are shown in Fig. 1(a) and (b) , to document the ability of the model to handle strong multiple scattering typical of vegetated surfaces at this waveband.
The angular distribution of HDRF's in the principal plane (i.e., the plane of the sun) shows the typical bowl shape, with backscattering generally greater than forward scattering, and a hot spot about the retro-solar direction. The simulation of cover type 1 invokes the 1-D turbid medium approximation of the plant canopy, and shows the characteristic HDRF distribution of vegetation canopies. The inclusion of vertical stems with reflectance similar to leaves and zero transmittance (broadleaf crops) has the effect of increasing the optical depth of the medium, i.e., overall reflectance increases because of increased multiple scattering. The hot spot is also broadened, as leaves of broadleaf crops are generally bigger than the thin elongated leaves in grasses and cereal crops. When a sparse overstory of trees (ground cover less than 20%) is introduced above the grass understory (savanna), the HDRF's at oblique views increase greatly because of long pathlengths through the underand overstory canopy media. The hot spot in this instance is considerably narrow perhaps because the thin elongated leaves of the understory have smaller gap radii as in the case of grasses, but the height of the canopy now includes the overstory, an artifact that needs to be addressed. The effect of horizontally aggregating leaf area to reduce ground cover from 100% (grasses) to 50% (shrubs) is increased backscattering, decreased forward scattering and decreased variation around the retro-solar direction-effects that are primarily due to (Table I ) used for the estimation of LAI and FAPAR: (a) global, (b) Africa. The color code is as follows: yellow is bare, green is grasses and cereal crops, brown is shrubs, dark green is broadleaf crops, red is savanna, blue is broadleaf forests, and magenta is needle forests.
increased interaction of the soil surface (note that the soil surface was modeled as a Lambertian diffuser in all cases). The inclusion of crown mutual shadowing (leaf forests) results in a deepening of the bowl shape and a broadening of the hot spot as it primarily increases the proportion of sunlit crowns along a given viewing direction. Finally, the inclusion of needle clumping and, trunks and branches darker than the needles, results in a decrease of the overall optical depth of the Validation: Leaf area index measurements of conifer forests in Northwestern United States described in [37] , [38] were used to validate the improved radiative transfer model. LAI was estimated from allometric relations in 73 plots (0.1 acre) at 30 locations in Montana, 16 in Oregon, and 27 in California. The vegetation at these sites included many types of conifer stands (pines, spruces, juniper, etc). In order to reduce variance in LAI estimate at the Thematic Mapper (TM) scale, the plot level LAI estimates were aggregated to represent variations between vegetation zones controlled mainly by climate [37] . LAI estimates for the resulting vegetation zones (nine in Montana, six in Oregon, three in California) were used to compare with TM derived radiances. Landsat/Thematic Mapper data were acquired for the three regions during the summer of 1984. After locating the plots on imagery, data from near-infrared red (NIR) and Red channels were extracted and converted to radiances adjusted for terrain and partial atmospheric effects [38] . Simple Ratio (NIR/Red) for each of the 73 plots was calculated and then aggregated to represent the vegetation zones similar to LAI estimates. Red and NIR reflectances were simulated using the 3-D radiative transfer model recently modified for needle canopies as described above. A dark soil background and 75% ground cover were assumed in all the simulations. By changing tree LAI from 1 to 6 (canopy LAI from 0.75 to 4.5), Red and NIR reflectances were simulated to evaluate the Simple Ratio (SR). A highly significant linear relationship was found between canopy LAI and SR (SR 3.16 LAI 4.4, 0.9). The relations between LAI and observed/simulated Simple Ratios are shown in Fig. 2 . The modeled relation is very similar to that observed, thus indicating the ability of the model to reproduce radiative interactions in conifer stands in both these wavebands. However, the modeled and observed magnitudes of the Simple Ratio are not comparable, mostly due of atmospheric effects. The primary difference between the two seems to be a difference in offset, rather than the slope. Further validation of the model with data from boreal forests is currently underway.
V. DERIVATION OF VEGETATION STRUCTURAL TYPES
The derivation of the above six canopy structural types from AVHRR Pathfinder data (8-km resolution) is presented here. Note that the six cover types defined above can also be obtained from traditional land cover classifications [13] . Nonvegetated areas (permanent snow, exposed soils, deserts, etc.) are first identified. Long-term monthly and yearly NDVI averages and standard deviations are examined to separate vegetated areas from nonvegetated areas. An example of the feasibility of this logic is shown in Fig. 3 , where the April to September average NDVI of Asia is shown. The seasonally averaged NDVI value less than a threshold (0.04 NDVI in the case of AVHRR Pathfinder NDVI data) is the first metric used to identify bare areas. Similary, vegetated areas are identified by seasonally averaged NDVI values greater than a threshold (0.08 NDVI). The distribution of the coeffcient of variation (specifically, its inverse) of the remaining pixels is then examined for bi-modality and a threshold is selected to classify these pixels. While it is easier to identify areas that are definitely bare and those that are definitely vegetated, an element of subjectivity always remains in the classification of the intermediate pixels.
Vegetated areas are then divided into tropical, temperate, and boreal zones depending upon the duration of the freezing period. Within each of these zones, forests are first separated from nonforests based on the magnitude of NDVI at maximum surface temperature. The forested areas in the temperate and boreal zones can be further separated into leaf and needle forests by the magnitude of near-infrared reflectance at maximum NDVI [cf., Fig. 1(a) ]. The nonforested areas are classified into savanna, broadleaf crops, shrubs, and grasses/cereals depending on the magnitude of red reflectance at maximum NDVI. The thresholds used in these classification are subjective and are specific to the NDVI data set used for classification. This classification scheme was implemented on the monthly composite 8-km AVHRR Pathfinder data [32] . The resulting land cover distribution is shown in Fig. 4(a) and (b) . The classification for the US was compared with the landcover classification of Loveland et al. [13] which utilized an extensive amount of ancilliary information (Table II) . The results indicate that Biomes 2, 5, and 6 can be identified successfully about 75% of the time. The worst case was broadleaf crops, which was misclassified 40% of the time as forests.
The land cover classification presented here has the advantage of being simple, operational and compatible with the radiation model used to derive LAI/FAPAR algorithm. It can be easily extended to higher resolution 1-km AVHRR data when these become available. The main disadvantage of this implementation strategy is the validity of the thresholds. Incomplete and/or incorrect atmospheric correction can result in misclassification. The impact of such misclassification on the estimation of LAI and FAPAR needs to be investigated. In addition to thresholds, we are investigating the utility of seasonally integrated greenness and ratio of backward to forward scattering as potential metrics for classification. The latter is especially promising as Multi-angle Imaging SpectroRadiometer (MISR) data will be available in the EOS era.
VI. LAI/FAPAR ALGORITHM
The relationship between a spectral vegetation index such as NDVI and surface parameters LAI and FAPAR has been [32] . The method of evaluating FAPAR is similar to that used for LAI estimation (Fig. 6 ).
extensively studied (reviewed in [10] ). The theoretical basis of these relations was given earlier. We propose to utilize these relations for the estimation of LAI and FAPAR, after assessing their robustness with respect to variations in ancillary parameters of the surface and measurement geometry. Standard canopies of the six land covers described earlier were defined in terms of parameter values considered typical from a remote sensing point of view (Table III( a)-(c) ). These canopies will be hereafter referred to as the base cases. The base case of each land cover consisted of 13 canopies of varying leaf area indices (0.1-7.0). In the case of savanna and forest land covers, a range of understory leaf area index was also considered (0.0-5.0). Spectral reflectance and absorbtance at red, near-infrared and PAR wavelength bands were calculated for all the 208 canopies of the six land covers with the radiative transfer discussed earlier. The resulting NDVI-LAI and NDVI-FAPAR relations are shown in Fig. 5(a) and (b) .
The relationship between NDVI and LAI is nonlinear and exhibits considerable variation among the cover types.
Not surprisingly, the relationships for vertically inhomogeneous land covers such as the savanna and forests are strongly dependent on the understory leaf area index [ Fig. 5(a) ]. There is practically no sensitivity in NDVI to overstory LAI in forest canopies with a dense understory. NDVI of leaf canopies such as grasses and crops always tends to be higher than forest canopies with similar LAI, because the tree trunks and branches in the latter tend to decrease near-infrared scattering, and therefore low NDVI values. The effect of leaf clumping can also be seen by comparing the NDVI values of needleleaf forest canopies with the broadleaf forest canopies at similar LAI values.
The NDVI-FAPAR relations are linear in most cases, with the exception of canopies with bright NDVI backgrounds (high understory LAI) [ Fig. 5(b) ]. These relationships are similar to those reported in the literature based on field data and model results [33] - [35] . However, the sensitivity of these relationships to problem parameters, especially sun and view A sensitivity analysis was performed by changing the base case parameter values of each land cover, one at a time, to the end points of the parameter ranges typically encountered in practice. For instance, the leaf normal orientation of leaf forests in the base case simulation was assumed to be uniform [Table III(a)]. The sensitivity to leaf orientation in this land cover was investigated by changing the leaf normal orientation to planophile (mostly horizontal leaves) and repeating all the calculations that were performed in the base case simulation. Another set of calculations was performed with erectophile leaf normal orientation (mostly erect leaves). In this fashion, the NDVI-LAI and NDVI-FAPAR relationships were repeatedly simulated for various scenarios to investigate the sensitivity to ground cover, understory LAI, leaf normal orientation, woody material fraction, leaf and crown sizes, soil reflectance, and solar zenith angle. The sensitivity analysis is similar to that described in greater detail in our previous papers [35] , [36] . All the data were then regressed to obtain land cover specific NDVI-LAI and NDVI-FAPAR relations that were statistically significant. These together with the land cover classification were then used to estimate LAI and FAPAR-the results thus obtained are shown in Figs. 6 and 7 . The algorithm is valid for view and sun zenith angles less than 60 . The LAI/FAPAR results depicted must be seen as proofof-concept because the relations require NDVI evaluated from atmospherically corrected reflectances. Although the AVHRR pathfinder data was cloud screened, composited, and corrected for Rayleigh and ozone effects, more importantly it was not corrected for aerosol scattering and water vapor absorption. Therefore, the dynamic between the end points of these relations had to be matched by percentile with the observed range in the AVHRR Pathfinder NDVI data [7] .
Table IV depicts the variations in nadir NDVI for typical changes in the radiative transfer model parameters and solar zenith angles. Since the NDVI-FAPAR relationship is (near) linear, the error in the estimation of FAPAR because of uncertainty in the problem parameters is of the same order of magnitude as that given in Table IV for NDVI. Large variations in NDVI and FAPAR (ca., 0.1) can occur if the ground cover is not precisely known. Similar errors occur for shrubs if the soil reflectance is incorrectly specified (Table IV) . The NDVI-LAI relationship, however, is nonlinear; errors in LAI estimates due to NDVI variations (Table IV) are shown in Table V . It appears that in most cases uncertainty in the LAI estimate may be of the order of 0.5 LAI. These estimates are valid for canopies at seasonal maximum greenness. A similar analysis is required for the green-up and senescent phases. Whether or not this is within the tolerable range depends on the application for which such a LAI product is intended.
VII. CONCLUDING REMARKS
The estimation of surface parameters of interest in global climate and biogeochemistry models from satellite observations is a challenging task. Even when properly calibrated, cloud screened and atmospherically corrected data are available, the linkages between surface reflectance and canopy variables such as LAI and FAPAR are often not straightforward as noise due to measurement geometry and soil properties can be substantial. Nevertheless, the analysis presented here shows that a simple algorithm can be developed to estimate LAI and FAPAR from satellite data. The emphasis is of necessity on algorithmic simplicity and reasonable accuracy, for automated operational processing of satellite data even at 1-km spatial resolution and ten-day temporal frequency is tedious with present-day computers. Higher spatial and temporal resolutions are planned for the EOS era. The algorithms reported in this paper must therefore be viewed within a framework dominated largely by practical considerations and to a lesser extent by accuracy.
